Despite the increased attention to students leaving secondary education without a diploma, numerous students dropout yearly. This paper makes a distinction between the 'individual perspective' and the 'institutional perspective' of dropping out. The individual perspective considers the probability of an individual student to drop out. It is explored by multinominal logit models, with and without accounting for unobserved heterogeneity. We observe that particularly motivation of the student and interest in schooling of his/her parents are crucial predictors of the individual dropout decision. The institutional perspective focusses on contextual factors and is examined by ordered logit models, both with and without accounting for unobserved heterogeneity. In particular, we discuss the in ‡uence of the …rst year of secondary education by analysing the large di¤erences in the number of dropouts in Dutch …rst year classes. We observe that, more than motivation, conditions in the …rst year of secondary education are crucial in shaping the dropping out decision.
Introduction
The decision of the European Council to half by 2010 the number of students withdrawing from school without a higher secondary degree, signi…cantly increased the attention of both practitioners and academics to school dropout. There is indeed a sense of urgency as the literature rigorously shows that students dropping out at secondary education have only bleak prospects (Pascarella and Terenzini, 1991) . The consequences of school dropouts are situated at three levels. Firstly, there are private costs such as, in comparison to non-dropouts, higher unemployment risks (e.g., Psacharopoulos and Layard, 1979) , lower health status (e.g., Groot and Maassen van den Brink, 2007) or lower educated children (e.g., Bowles, 1972) .
Secondly, there are increased costs to society by increased risk for criminal activities (e.g., Lochner and Moretti, 2004) , lower social cohesion (e.g., Milligan et al., 2004) or lower rate of economic growth (Hanushek and Wöß mann, 2007) . Finally, there are …scal consequences due to lower tax revenues, higher unemployment allowances or higher health costs (for an overview, Psacharopoulos, 2007) .
Following the European Council, we de…ne a dropout student as a young person between the age of 12 and 23 who leaves education without a degree or with only a lower-secondary level degree (European Commission, 2006) . In this sense, the de…nition represents an outputoriented indicator (i.e., a simple head count indicator) and does not re ‡ect the cognitive skills of pupils. As such, a graduating student with very low cognitive skills will not be considered as a dropout (Psacharopoulos, 2007) .
Examining the individual dropout decision boils down to estimating those in ‡uences which signi…cantly increase the probability that a student will leave secondary education without a diploma. However, as an outsider, who tries to obtain insights in the dropout decision of the average student by mimicking his/her way of thinking (i.e., by selecting a broad set of both exogenous and motivational factors), we should be aware that, in the end, it is the individual student who decides to leave or to stay in school. As such, even the broadest speci…ed model will su¤er from a large noise term which captures the unobserved heterogeneity among the individuals in the sample. We explicitly account for unobserved heterogeneity in the estimated multinominal and ordered logit models. Presenting the outcomes for both estimation assumptions allows us to obtain insights in the size of the unobserved heterogeneity bias.
Similar as in Rumberger (2001) , we make a clear distinction between the 'individual perspective'of dropping out and the 'institutional perspective'. Whereas the former focusses on the factors which shape the individual decision to drop out (i.e., individual background and motivation), the latter focuses on the contextual factors (i.e., characteristics of the class and peers) which might in ‡uence the dropout decision. The contribution of this paper arises from examining the background characteristics which constitute the individual and institutional perspective.
Firstly, within the individual perspective, we mimic as well as possible the way of thinking of the individual student. These thoughts create heterogeneity among students as they di¤er because of their own exogenous characteristics (e.g., gender, ethnicity, age, etc.), the background of their parents (e.g., schooling of the parents, interest in schooling, etc.), and the in ‡uence of the schooling environment (e.g., rural versus urban, school track, etc.). Each of those deterministic background characteristics shape the individual motivation of the student.
We capture motivation by, e.g., the student's opinion about the teachers, the opinion of teachers about the student, their attention during classes, the number of times they are truant or their school career. To empirically test the individual decision to dropout, we use an exceptionally rich and large sample on the Dutch secondary education (in particular Voortgezet Onderwijs Cohort Leerlingen; VOCL).
Secondly, based on results for post-secondary education, we pay within the institutional perspective special attention to the conditions in the …rst year of secondary education. In particular, we observe that for some …rst year secondary education classes none of the students is (later) dropping out, whereas in other classes up to seven students drop out. As the literature on post-secondary education (e.g., Tinto, 1975 ) education is crucial. In the fourth section of the paper, we examine the probability that a student belongs to a class with many dropout students. As such, we determine the conditions which go along with making good …rst year classes (i.e., classes with few dropouts) and bad …rst year classes (i.e., with higher dropout levels). To do so, we focus on class characteristics such as number of students in the class, average ability, standard deviation of the abilities, percentage of boys, or ethnicity at school level. 1 It is remarkable to observe that, while the dropout decision at the individual level is largely driven by motivational factors, at a class level individual motivation becomes insigni…cant while class determinants are important. In this sense, our results are close to the observation of Alexander et al. (1997, p.98) : "In the present instance, all these themes come into play long before anyone is thinking about dropout per se. We are not saying that what happens in …rst grade necessarily seals children's fates, but prospects for "re-engagement" later are not good when children are plagued early in their school careers".
The remainder of the paper is structured as follows. Section 2 brie ‡y reviews the data at hand and discusses some conceptual models. In Section 3 we use a multinominal logit model, with and without unobserved heterogeneity, to examine the drivers of the individual decision to drop out. On the contrary, Section 4 is concerned about the collective 'peer'decision. We examine whether conditions (where class characteristics serve as a proxy) in the …rst year secondary education in ‡uence the dropout. In a …nal section we o¤er our (policy) conclusions.
2 How to look at dropping out?
The data
To examine the dropout decision of students in secondary education, we use the Dutch VOCL data (Voortgezet Onderwijs Cohort Leerlingen). This paper does not attempt to describe the Dutch school system (see Tieben and Wolbers, 2008; Dodde and Leune, 1995) , but only takes advantage of the rich VOCL data set. The VOCL data, collected by Statistics Netherlands and …nanced by the government, follow a cohort of pupils from the …rst year of secondary education until they leave school (either with or without a degree). The data consist of a representative sample of 20,331 students in 330 schools and contain various questions on
(1) the class and school type the pupil is taking, (2) the educational attainments (e.g., test scores), (3) attitude of the pupils (e.g., attention to homework, extra-curriculum activities, attitude towards schooling), (4) attitude of parents (e.g., interest in schooling, who takes which decision within the household) and (5) socio-economic variables (e.g., country of birth, education of parents, socio-economic status). 2 The data are collected immediately from the schools, and from surveys from pupils and parents in the beginning of the …rst and third cohort year. In the current study, we use variables which are gathered in the …rst cohort year (unless di¤erently noted). Currently, the VOCL is at its third round (although the last cohort, started in 1999, is still ongoing). In the current study, we use in particular the second round, the 1993 cohort (as this is the most recent, fully completed round).
The cohort starts in the …rst year of secondary education and follows the students throughout their academic career. This is systematically presented in Figure 1 . Students who died, had a protracted illness or moved abroad were removed from the sample. 3 As such, we obtain a sample of 17,697 students. The paper at hand assumes that every student has a choice option of (1) obtaining a diploma, (2) dropping out, (3) entering an apprenticeship program and (4) staying at school (due to repeating classes). The choice options are often restricted by conditions beyond the control of the individual (e.g., the apprenticeship program is only available for vocational education students). On top of that, the actual decision (within the feasible option) is determined by both individual (e.g., ability) and background (e.g., parents) conditions. In Section 4 we explore this interplay with the conditions of the …rst year of secondary education.
Consider the four groups of students. Firstly, about 88% of the students in the sample take and pass the end exam. We observe from Table 1 that the majority of students with a diploma leave school between the age of 16 and 20. This is not surprising as compulsory education was until the age of 16 (since 2003, this changed to age of 18). Therefore, students could leave school at the age of 16 with a diploma. Remark that some students are younger than the other students in their class, and as such, can take the end exam at the age of 15.
A second group of students leave school without a secondary education diploma and are de…ned as dropouts. As is visualized in Figure 1 , those students left school either without taking an exam or after (frequently) failing the exam. In total, there are 1,148 dropout students (6.49%). As presented in Table 1 , the majority of the dropouts leave education between the third and the sixth cohort year, between the normal age of 15 (third cohort year) and 18 (sixth cohort year). Again, given the age limit of compulsary education, this is not surprising.
Thirdly, we consider students who leave regular education to start a 'learning on the job'
program. In our sample, 5.09% of the students enter an apprenticeship program, from which 2 Although students cannot refuse to be included in the VOCL sample, they can refuse to …ll in the student survey. This could potentially create a selection bias. However, only very few students refused to …ll in the survey (less than 1.5% of the 20,000 students refused during the 8 cohort years), such that the sample is representative. 3 Students who moved to schools not belonging to the original VOCL sample were further followed on these schools. 1.51% after one or several failed exams. The typical age to start an apprenticeship is similar to the age of dropping out: between 15 and 18 years old. As the apprenticeship program is only a choice option for students in vocational training, we control in the analysis for learning subject.
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Finally, there is a minority of students (0.66% of the sample population) who are still enrolled at school by the end of the cohort study. As it can be interesting to examine why those students did not dropout, we include them in the analysis (robustness analysis indicates that removing these 116 students from the sample, does not signi…cantly change our results).
Conceptual dropout model: A brief review
In the examination of the dropout decision of students, the (academic) literature is dramatically su¤ering from unobserved heterogeneity (DesJardins et al., 1999). Indeed, if asked to individual students about their reasons for dropping out, they always point to a mixture of causes (e.g., Bowlby and McMullen, 2002; Bridgeland et al., 2006) . In this paper, we do not attempt to fully review the extensive literature on dropout (for an excellent review see Rumberger, 2001 ), but we combine two conceptual models in our analysis. On the one hand, started from Spady (1970) and Tinto (1975) , the student integration model focusses on school related factors (i.e., institutional factors) such as motivation, ability and school characteristics. On the other hand, initiated by Bean (1978) , the student attrition model discusses the importance of non-institutional in ‡uences outside the school environment. We believe that it is a combination of institutional and non-institutional factors that shape the decision to dropout. In an attempt to combine the student integration and student attrition model, we suggest a vertical and horizontal classi…cation (see Figure 2 ).
The vertical classi…cation corresponds to the di¤erence between the exogenous background characteristics and the motivational in ‡uences, what is labeled by Roemer (1998) as 'circumstances'versus 'e¤ort'. While the exogenous background characteristics are deterministic to 7 the students, the motivation is shaped and in ‡uenced by the exogenous environment. The horizontal classi…cation makes a distinction between in ‡uences arising from the students, the parents and the school. The vertical and horizontal dimension are undoubtly related. Firstly, background characteristics of the students result in motivational factors which we classify as push and pull factors (following Rumberger, 1987) . Push factors arrive from the absence in motivation to stay at school and 'push'the student away from school. In a di¤erent nuance (and obviously closely related), pull factors originate from the school environment and 'pull' the students away from school. 4 Although the literature suggests that student background characteristics as, e.g., gender have a signi…cant e¤ect on dropout, it is arguable that the dropout decision does not originate from the gender (i.e., being male or female) but rather from the student's motivation (which is often correlated to students' gender). If in a multivariate analysis, where the researcher controls for other in ‡uences, gender turns out to have a signi…cant e¤ect on the individual dropout decision, the e¤ect is probably driven by unobserved heterogeneity in gender. 5 Secondly, education and social class of the parents in ‡uence the parents'interest and aspirations. Similar to the student's characteristics, it can be argued that the social class itself is of minor importance in comparison to the motivation of the parents. Finally, school characteristics as location shape the peer group e¤ects. To obtain some insights in the data, we present them bivariately in Table 6 in Appendix.
3 Blaming the environment? -A multinominal logit
Multinominal logit
To analyse the magnitude and direction of the in ‡uence of explanatory variables on the decision to leave school with or without a diploma, or to enter the apprenticeship program, we estimate a multinominal logit (Mlogit) model (McFadden, 1973 ). The Mlogit model is used to estimate relationships between (ordered or unordered) polytomous dependent variables and multivariate explanatory variables. In particular, it estimates the probability of an event occurring. As such, it is a straightforward extension of the logistic model, which estimates the model by maximum likelihood after transforming the dependent variable into a logit variable (i.e., the log of the odds of the dependent occurring or not) (e.g., Train, 2003) .
Suppose there are J (k = 1; : : : ; j; : : : ; J) di¤erent events which may be chosen by individual i. Given the (exogenous) characteristics of individual i (X i ), the probability of selecting event j equals:
4 As we assume that both the push and the pull factors are student-initiated, our distinction is di¤erent from the 'voluntary withdrawal'and 'involuntary withdrawal'of Rumberger (2001) . 5 In the multivariate analysis, we run logit models with and without controlling for unobserved heterogeneity at school level.
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where denotes the unknown (to be estimated by maximum likelihood) parameter which presents the log odds of being in the target group relative of being in the reference group.
However, this set of equations will be unidenti…ed (i.e., there are in…nite solutions). Therefore, we make one of the categories a reference category (say, category 1) and set its coe¢ cients equal to 0. This brings us to the following model:
In the remainder we will express the estimated coe¢ cients immediately in relative risk ratios,
i.e., in the exp( k ) rather than k : A relative risk of exp( k ) = 1 denotes that there is no di¤erence between the reference group and the evaluated group. A relative risk larger (smaller) than 1 indicates that the event will occur more (respectively, less) likely in the evaluated category than in the reference category.
In our application, we assume students with a diploma as reference category. As such, we can compare the probability of belonging to another group (in casu: dropout, apprenticeship or staying) with the probability of belonging to the reference group (i.e., leaving school with a diploma).
Multinominal logit -Results
The results of the multinominal logit regression are presented in Table 2 . It is interesting to observe that, once controlled for motivation, gender does not have a signi…cant e¤ect on belonging to one or another group. In other words, given the background and motivation of the students, males do not dropout more frequently than females. 6 This contrasts to previous work of Fernandez et al. (1989) , and Rumberger (2001). We can make a similar observation for Moroccan students, truants and work of the parents. Concerning the latter, it is notable and intuitively explainable that students whose parents work in one-man businesses or are self-employed enter signi…cantly more frequently an apprenticeship program. Increasing abilities of students (as proxied by the average of the cito-standarized test scores for math, languages and information; cito-test is a national and standardized test at the end of the primary school which is used as an advisory tool for the school track) initially reduces the probability of dropping out (entering an apprenticeship program, respectively), however, as revealed by the squared term, this impact fades out for smarter students. As a last exogenous student characteristic, students who are older at the the longer it takes before a student is starting his/her homework, the higher the dropout probability is.
Besides the characteristics of the student, also the opinion and background of the parents is important. More highly educated parents, who attend parents'evenings, talk about school at home and think that a high degree is important (i.e., educational aspirations), have a lower probability that their children will drop out (cf. Kalmijn and Kraaykamp, 2003) .
Indeed, it has been argued by, among others, de Graaf et al. (2000) that children from highly educated parents receive cultural resources as knowledge, tastes and preferences which favor the educational career. Inversely, extensive parental control on homework and extensive a¢ liation with homework, the higher the probability is that their child will drop out. It seems that parental care is important, however, students should make their homework themselves. 7 Neighbourhood signi…cantly a¤ects the dropout decision as students are dropping out more frequently in more urban areas. Finally, our results con…rm the trend which is observed by de Graaf and Ganzeboom (1993) in that occupational status is becoming less important (they examined the period 1891-1960). In this 1993 wave of data, the occupational status of the parents does not in ‡uence the dropout decision. Nevertheless, the literature shows that e¤ective programs to reduce dropout in high schools are often a collaboration with the school and the parents (e.g., van Heusden Hale, 2000; Gandara et al., 1998).
In sum, with regard to students'individual decision to drop out of school, the estimation results in Table 2 reveal that particularly motivation is crucial. In this sense, our results follow the conclusions of Dekkers and Driessen (1997) who observe that students decide to dropout on the basis of emotional aspects rather than performance aspects. Therefore, it can be interesting to examine why students become unmotivated. In the remainder of the paper, we explore two potential explanations. Firstly, although we tried to control for a broad set of exogenous variables (in an attempt to mimic a student's way of thinking), as a rule, there is still unobserved heterogeneity among students because we cannot explicitly include all determinants in the analysis. In the next subsection, we explicitly control for this unobserved heterogeneity. 8 Secondly, and following the literature in post-secondary dropping out, in Section 4 we explore the in ‡uence of …rst year high school characteristics on the (later) dropout decision.
Multinominal logit with unobserved heterogeneity
To model a multinominal logit with unobserved heterogeneity (also known as variance of the disturbances), we add unobserved individual e¤ects i to the probability in equation (1):
Similar as before, the unknown coe¢ cients ( i and j ) are estimated by maximum likelihood.
In contrast to the situation without unobserved heterogeneity, we now have to estimate the likelihood by integrating over the distribution of the unobserved heterogeneity (see, e.g., Haan and Uhlendor¤, 2006) . Due to the unobserved character of i , there is no analytical solution to this integration such that an approximation is needed. As the adaptive quadrature approximation (i.e., a proxy of the integral by a speci…ed number of discrete points after which a distribution of the unobserved heterogeneity is made) is the most accurate way to approximate the unknown integral, we use this procedure.
If in the multinominal logit model we account for unobserved heterogeneity among schools (and, as such, acknowledge that we cannot fully capture the students'way of thinking) we observe from Table 3 that the estimations do not dramatically change. In contrast, variables that have a signi…cant in ‡uence on the decision in the traditional multinomial logit, do still have a signi…cant in ‡uence when allowing for unobserved heterogeneity. Also the direction of the e¤ects is similar. Additionally to the traditional multinominal logit estimations from Table 2 , we observe that females choose less to dropout, as do children from middle employees.
The strong similarities between the estimations give us con…dence on the estimations. This con…rms the conclusion that in the individual decision to dropout particularly motivational factors are important. This motivation should come from both the students and their parents, although the latter should not exaggerate: a too strict control on homework inhibits the students so that, in the end, they have a higher probability of dropping out. years old) the arguments might even be more pronounced. A second issue arises from the particular application, the Dutch education system. As indicated by Dodde and Leune (1995), the Dutch educational system is typically tracked with a strong selection barrier between primary and secondary education. This barrier makes the …rst year of secondary education even more crucial. A third reason why class level might be important is to do with peer e¤ects. Carbonaro (1998) showed that a student whose friends drop out has an increased likelihood of dropping out of school himself.
Following previous literature, we assume that the impact of an early stage of secundary education is large. From the data, we observe that some …rst year classes have only few (or non) dropouts, whereas other classes have a very high (absolute) number of dropouts (note that the students are not necessarily dropping out in the …rst year). The clustering of dropouts in particular classes is presented in Table 4 . We observe that 34% of the students in the …rst year were in a class in which, in the end, everybody obtained a diploma. For 280 …rst year classes, only 1 student dropped out (later on). In the remaining 306 classes there was more than one student who left school without a degree; therefore we label these classes 'dropout classes'. As the dropout classes are a typical problem in vocational education, we estimated several robustness checks with only students from vocational training. The outcomes, available upon request, show a high robustness of the results with all observations (and controlling for the subject the student is taking).
To examine the probability of a student to be part of a class with a high drop out propensity, we estimate an ordered logit model which conditions on individual and class for a student to belong to a class with more dropouts. Before we are explaining our results, we provide a brief methodological background on the ordered logit model.
Ordered logit
In contrast to Section 3, in this section we consider a discrete independent variable which is ordinal (i.e., the categorical variable is ordered). In particular, we would like to estimate the impact of exogenous in ‡uences X i (i.e., estimate ) on the ordinal y i (where y i represents the number of students in the …rst year of secondary education who (later) dropout of school).
Whereas multinominal logit models fail to account for the ordinal nature of y, an ordered logit model is the appropriate technique (Greene, 2003) .
To capture the ordinal nature of the response variable, the ordered logit model starts from the cumulative probability, i.e., the odd that an individual i is in category j or higher:
The ordered logit model is obtained by translating the cumulative probability into a cumulative logit:
From equation (6) we can observe that ordered logit models are proportional odd-models in the sense that the odds ratio of the event is independent of the category j. In other words, we assume that for each of the categories the coe¢ cients are equal (i.e., an increase in X i a¤ects the log-odds similarly), while the intercepts may di¤er (i.e., these so-called cutpoints estimate the logit of the odds of being equal or less than category j).
Interpretation of the ordered logit is similar as before, although the dependent variable now counts J groups. An odds ratio (i.e., exp( )) larger than 1 denotes a higher likelihood of belonging to a higher (ordinal) category.
Ordered logit -results
In the analysis, the …rst set of explanatory variables correspond to the background and motivational characteristics of previous estimations. Basically, this yields two advantages. On the one hand, it allows us to examine the similarities between the individual decision to drop out and the collective number of dropouts at class level. On the other hand, by including individual and class characteristics in the ordered logit regression, class characteristics are distinguished from individual di¤erences among students. The class characteristics can be divided into three subgroups. Firstly, variables capturing the heterogeneity in abilities as a proxy for student composition (cf. Bryk and Thum, 1989; McNeal, 1997; Rumberger, 1995) . This group of variables consist of (1) the mean of student abilities in the class, (2) the standard deviation of abilities, (3) the skewness of abilities, and (4) the track of secondary education (pre-university education (vwo), senior general secondary education (havo), and prevocational secondary education (mavo), or, as this is possible in the …rst year, a combination of these tracks). Secondly, we include variables capturing heterogeneity in student and parental (exogenous and motivational) characteristics: (1) standard deviation of the age of the students in the class, (2) the percentage of boys in the class, and (3) whether for the parents the school quality was important in determining the school choice. Finally, we proxy some school characteristics as (1) the class size, and (2) the ethnicity at school by including the percentage of Dutch students at school (relative to the total number of students). 9 The results are presented in Table 5 .
Looking at the determinants of higher and lower dropout rates yields interesting insights.
The exogenous and motivational factors that determined the individual decision to drop out become mostly insigni…cant when assessing the peer dropout. 10 From the original exogenous variables, only six variables remain signi…cant. The variables can be interpreted as generators of positive or negative externalities as they estimate the odds of belonging to a class with, respectively, less or more dropouts. For example, if the individual student likes school, he/she generates positive externalities to the other students as less students drop out of his/her class (i.e., given that all other variables are held constant, an increase of one unit in 'like school' reduces the odds of being in a higher group by 0.94). Similarly, if the teachers are considered to do well, the number of students dropping out of the class reduces. In a sense, this con…rms previous work of Mainhard (2009) who found that the relationship between teacher and student is very stable over time. A truant seems to have a negative externality on his/her fellow students, as does the delay with which students start with homework. Finally, if the 9 We do not include school size because of potential endogeneity: as parents can choose the school, the as better perceived school will attract more students.
1 0 Extensive robustness analyses show that this is not an artifact of the modelling technique (ordered logit versus multinominal logit before), nor from the additional independent variables (we added class characteristics). Indeed, estimating the impact on the individual dropout levels by multinominal logit while adding the class characteristics as explanatory variables, delivers similar (both in signi…cance and in level) results for the exogenous and motivational independent variables. These results are available upon request from the author.
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parents are concerned about students'homework, the student signi…cantly ends up more in a class with fewer dropouts (remark that we control for the parental opinion of school quality).
In contrast to the poor explanatory value of students' motivation on the number of dropouts per class, the class characteristics of the …rst year of secondary education predict the number of future dropouts relatively well. 11 Classes located on the countryside have less future dropouts. Higher average abilities in the class (i.e., on average smarter students)
decrease also the number of dropouts. This is in line with Hanushek et al. (2003) who found a linear relationship between peer group quality and student performance. Surprisingly, if students more from each other in terms of abilities (i.e., a higher standard deviation) the number of dropouts does not increase, but, in fact decreases. It seems that intelligent students in the class generate positive externalities for the other students. The more the students di¤er in age, the higher the number of (future) dropouts. Similarly, even controlled for the individual gender and school track of the student, classes with more boys do worse than classes with more girls. This suggests that boys are more impressionable to peer e¤ects. Following the literature, we …nd that class size has a negative impact on the number of dropouts, as does an increased ethnicity in the school. If, on average, the parents in the class consider the quality of the school as an important factor in determining the school choice, the number of dropouts in the class is lower. Finally, controlled for the ability of the student, school track does not have a signi…cant in ‡uence. This con…rms previous research (Hanushek and Wöß mann, 2006). Particularly in the Dutch situation, it can be explained by large mobility between the tracks, in a sense that the better students, even when they originally entered a less requiring track, can quite easily change to a higher track (Jacobs and Tieben, 2009).
Ordered logit with unobserved heterogeneity
To make sure that our estimations are not biased by unobserved school characteristics, we Table 5 .
When we account for unobserved heterogeneity at school level, the outcomes di¤er only slightly from the original outcomes. In particular the in ‡uence of the motivation variables is further reduced as only 'teachers are doing their best at school'and 'time to start homework' remains signi…cant. It is interesting to observe that if the students consider in the …rst class of secondary education that the teachers are doing their best, the number of later dropout students decreases. Having motivating teachers in the …rst class creates a benevolent school p-values between brackets; ***, **, * denote signi…cance at, respectively, 1, 5 and 10%
career. Concerning the class speci…c variables, all variables, expect for ethnicity, have a signi…cant e¤ect on the dropout decision. In the model with unobserved heterogeneity, both skewness and standard deviation of the abilities are signi…cant but di¤er in sign. From the estimations we learn that some heterogeneity in abilities decreases the number of dropouts in the class (i.e., from the standard deviation in abilities), however, the smartest students should not dramatically outperform the other students (i.e., from the skewness). In other words, intelligent students motivate their class-mates, but highly gifted students have the opposite e¤ect.
Policy conclusions
This paper examines the drivers of students who leave secondary education without a diploma at two levels: (1) suggest that it would be advisable to make smaller …rst year classes, with better (i.e., more motivating) teachers and within each class some outstanding students.
The outcomes of this study deliver additional research questions. Firstly, it would be interesting to focus on particular groups with higher dropout rates (e.g., based on the school track or ethnicity) and examine whether our results apply to these groups. 
